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1. Introduction

Hydrology science is described as the life cycle of water. It is a fact that
rainfall-runoff modeling and the other data-driven techniques are significant
events in this cycle. Especially, estimation of missing the streamflow is an
important process for designing and planning flood protection studies in the data-
driven techniques. Drought is thought one of harmful natural phenomenon in
terms of hydrology. Drought estimation methods should be investigated in detail.
Furthermore, observational data in hydrological works have many errors due to
gauging. These obtained data should be evaluated for applicability in some
hydrological calculations. Therefore, this paper aims to research use of data-
driven techniques in hydrology.

In the literature there are several studies that use ANN and data mining
methods for hydrological studies such as rainfall-runoff modeling and drought
analysis. The ANN methods is one of the most commonly used in rainfall-runoff
relation modeling (Dawson & Wilby 1999, Alp & Cigizoglu 2005, Nourani et al.
2009, Machado et al. 2011, Gumus et al. 2013, Kumar et al. 2016, Turhan et al.
2016a, Loyeh & Jamnani 2017, Patel & Joshi 2017, Asadi et al. 2019, Lin et al.
2019). Feed Forward Back Propagation (FFBPNN) and Generalized Regression
Neural Networks (GRNN) methods can be seen to be generally utilized for
hydrological data estimation (Cigizoglu 2005, Turan & Yurdusev 2009, Turhan et
al. 2016b, Tayyab et al. 2016, Gumus et al. 2018). Standardized Precipitation Index
(SPI), Standardized Runoff Index (SRI), Streamflow Drought Index (SDI), De
Martonne Index (DMI),...etc methods play a very important role in determining
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drought (Shukla & Wood 2008, Stachowski 2010, Sattari et al. 2011, Bartholy et
al. 2013, Tabari et al. 2013, Turhan et al. 2016c, Gumus & Algin 2017, Gumus
2017, Myronidis et al. 2018, Tri et al. 2019). The studies conducted in the field of
construction/civil engineering using data mining methods have been increasing in
recent years. It is observed that the results are taken by using data mining methods
in the studies including concrete compressive strength, leadership analysis,
productivity determination, building material decision making process, rainfall
estimation, streamflow estimation, occupational health and safety assessment, cost
analysis, analysis of traffic accidents, project management,... etc. subjects (Caldas
et al. 2002, Wilmot & Cheng 2003, Baykasoglu 2005, Liaoa & Perng 2008, Kaya
et al. 2013, Keles & Kaya 2014, Ozel & Topsakal 2014, Keles 2016, Kaya Keles
2017, Kaya Keles & Keles 2017). Data mining techniques have been used for
hydrological studies (Trafalis et al. 2002, Damle & Yalcin 2007, Terzi 2012,
Yurekli et al. 2012, Kusiak et al. 2013, Keskin et al. 2013, Sattari et al. 2018,
Hatami et al. 2018, Mishra et al. 2018, Sattari & Sureh 2019, Kaur & Sood 2019,
Sezen et al. 2019).

In this paper, two data-driven techniques such as ANN and Data Mining
were investigated in terms of availability in hydrology works. FFBPNN and
GRNN methods were examined on the rainfall-runoff modeling for ANN. ANN
algorithm was created using Matlab software. Besides, hydrological drought
analysis were examined using data mining techniques. Drought analysis was
carried out using the SRI method. Seyhan Basin was preferred to carry out these
techniques. As compared to many data mining works with hydrological elements,
few works are present in the literature, thus using data mining techniques for
streamflow data can be a novelty of this study. There is a need for new studies
that will enable the use of data mining methods in the field of hydrology in order
to fill this gap in the literature. Due to the lacking number of available
hydrological and meteorological data, it is necessary to complete missing data in
the basin modeling/hydraulic structures design studies and estimate for the future.
Examining these data in the same basin could provide great contributions in order
to investigate applicability. Consequently, it is thought that the application of
these different techniques (ANN and data mining) in the same basin could make
a great contribute to the literature. Also, the use of several hybrid data mining
methods can be planned in future studies.
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2. Materials and Methods
2.1. Artificial Neural Networks (ANN) Methods
2.1.1. Feed Forward Back Propagation (FFBPNN) Method

This method is commonly used in ANN studies. The method consists of
input, hidden and output layers. The output of cells in a layer provides input
values, by means of weights, to the next layer (Dawidowicz et al. 2018). As the
input layer processes the data obtained with the help of a weighted coefficient
input vector, this input layer transmits along the cell structures in the hidden layer.
Therefore, the output data is produced by changing the hidden and output layers.
Using a back propagation algorithm, it tries to provide good convergence (Turhan
et al. 2016a).

In this method:

m — the layer number,

X;™ — the input data of i unit in m™ layer,

y;™ — the output data of i unit in m™ layer,

w;;™ — weight coefficient linking 7 unit in (m-/ )™ layer to j unit in m™ layer,
w — a random real value in the additional forward values calculated

for each j units in m™ layer.

Then, the output data are obtained from Equation 1 (Gumus & Kavsut 2013):

yi™ = i yi™ T wy™) (1)
For the output, the error terms shown as J are calculated by Equation 2:
&™ = (viM —yi™)F' (Xi™) ()

Also, the error terms are calculated for the backward hidden layer units
by Equation 3:

§™ 7 = (%™ ) X 8™ wy™ 3)
All these weights are obtained by Equation 4:

next _ revious m
Wij = Wi]'p + AWI] (4)

n is the learning coefficient and changes in the weight coefficient during learning
are shown by Equation 5:

Awy™ = n§;"y;m 1 (5)
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The process is repeated for each step until the total error reaches
a minimum value (Konate et al. 2015).

2.1.2. Generalized Regression Neural Networks (GRNN) Method
Regression of dependent variable y by independent variable x is shown
by Equation 6 (Kisi 2006):

ol - St

(6)

If the probability function is not known, this function can be estimated
from X; and Y; values by Equation 7:

n
3 1 1 X = X)T(X - Xi) (Y —Yi)?
R e Il R |~ oe | O
i=1
where:
p — the size of the x vector,
n — the number of observed data,
s — the correction parameter.
D/ is to be regarded as a scalar function in Equation 8:
Di* = (X~ XDT(X — X)) (®)
Consequently, the dependent variable is obtained by Equation 9:
S, Y exp(~2L)
i= i €xXp
Y(X) = 4 ©9)

SIL, exp(~2ip)

Figure 1 shows the general schematic structure of the FFBPNN and GRNN.
The formula used in the normalization process can is shown below
(Equation 10):
Qe—Qmin
Q=g —5 - tp (10)

Qmax—Qmin

Qmax and Qi are the maximum and minimum flow values for each
Flow Observation Station (FOS), respectively. Q. indicates the normalized flow
value, ¥ and p are evaluated to be constants the values of 0.6 and 0.2, respec-
tively. N represents total data, normalization has been completed by performing
an inverse equalization process (Turhan et al. 2016a).
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Fig. 1. General schematic structure of FFBPNN (left) and GRNN (right)
(Ikiel & Ozyildirim 2013, Cigizoglu 2005)

Mean Square Error (MSE) and R* (Coefficient of determination-R?) for-
mulas are shown Equation 11 and 12:

1
MSE = = (11)

RZ _ Z%\I:1(Qobserved_Qaverage)2 _Z%\I=1(Qobserved_Qcalculated)2 (12)

Z%\l:1(Qobserved_Qaverage)2
2.2. Drought analysis methods
2.2.1. Standardized Runoff Index method (SRI)

Different drought indices have been used for hydrological works in the
literature. The Standardized Precipitation Index (SPI), Standardized Precipitation
Evapotranspiration Index (SPEI), Evapotranspiration Deficit Index (ETDI) and
Soil Moisture Deficit Index (SMDI) are based on precipitation, precipitation-tem-
perature, evapotranspiration and soil moisture, respectively. In these indices,
while calculating the SPI value, firstly the precipitation value at a certain time is
subtracted from the average precipitation value. Then, this value is divided by the
standard deviation and the SPI value is then obtained (Shukla & Wood 2008).
Besides these, the SRI based on runoff or streamflow data, describes the events
of hydrological drought. SRI method is largely similar to the SPI method except
for the use of streamflow values instead of precipitation values. Formulas for the
SRI are modified by setting the these streamflow data. The SRI value is calculated
with the help of formula below (Equation 13):

X;—X;mean

SRI = (13)
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where:

X; — the monthly average streamflow values over a certain time period,
X[ — the average of monthly streamflow values within a selected time period,
o — the standard deviation value.

Furthermore, the standard deviation value is calculated as shown below

(Equation 14):
_ /anL(Ex)Z
0= n(n—1) (14)
where:

n — the number of observations for a given month,
x — the mean streamflow value of that month.

Calculation of the index shows a complex structure due to the fact that
the streamflow data doesn’t conform to normal distribution during periods of /2
months or less. Accordingly, first of all, the streamflow series are made to
conform to this distribution. Drought seasons can be determined for a selected
time period by applying normalization procedures to the SRI values.

In the drought analysis using SRI values, the negative time period in
which the index takes a continuous negative value is determined as the drought
season (Kumar et al. 2009, Kubiak-W¢jcicka & Bak 2018). The month when the
index falls below zero is regarded as the starting point of the drought, and the
month when the index has a positive value is predicted as the end point of the
drought. The classification of the SRI value-drought categories, prepared using
the SPI method, is shown in Table 1 (Keskin et al. 2007).

Table 1. Classification of the SRI Value — Drought Category (Keskin et al. 2007)

SPI Value Drought Category SPI Value Drought Category
>2 Extreme Rainfall 0.00-(-0.99) Mild Drought
1.50-1.99 Severe Rainfall -1.00-(-1.49) Moderate Drought
1.00-1.49 Moderate Rainfall -1.50-(-1.99) Severe Drought
0.99-0.00 Mild Rainfall <-2 Extreme Drought
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2.3. Data mining methods

Data Mining is the processing of large amounts of data with automatic or
semi-automatic methods to find meaningful patterns. This method is an
interdisciplinary study. Statistics and machine learning are the scientific
disciplines on which data mining is based most. The underlying meaning of data
mining is the knowledge discovery in databases (KDD) process. KDD refers to
the broad process of finding knowledge in data. The seven steps of the KDD is
shown as in Figure 2 (Kaya Keles 2017). The KDD uses data mining methods to
identify knowledge, according to the characterization of measures using
preprocessing and transformations of the database.

Pattern Evaulation
and
Knowledge Presentation

o
‘°c°' Data Mining
o«
N L 4
Data Selection
e and
Data Transfurmay y

Data Cleaning
and

' Data Wa =
Data \ntegray'

Databases

Fig. 2. Knowledge Discovery in data bases (KDD) Process (Kaya Keles 2017)

Waikato Environment for Knowledge Analysis (Weka) software was
used for data mining process. The Weka is one of the packages used in data
mining and machine learning which are the important subjects of computer
science. It is a data analysis tool under the GNU (General Public License)
developed by the University of Waikato with java language. It is basically a data
mining program where machine learning algorithms and data pre-processing
needs are combined together. It uses methods such as clustering, classification
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and association rule mining to perform data mining process. The file extension
format is “arff’. In the field of civil engineering where there are many sub-
disciplines, due to the increase in knowledge in parallel with technological
developments, information needs to be processable.

2.3.1. Multi-Layer Perceptron (MLP)

MLP called multi-layer feedforward network, was proposed as an
enhancement of the perceptron model. This model is the most widely used neural
network architecture for classification tasks. The main characteristics of the MLP
are:

o The entire network is hierarchically trained. It uses back propagation learning.
e Sigmoidal units are used in hidden layers and in the output layer.
e [t can make more modeling using at least 1 hidden layer (Aggarwal, 2014).

Although, in theory, MLPs are considered to be capable of performing
any sort of classification task, in practice, in cases of insufficient number of
hidden layers or insufficient training, data classification performance may be low.
As shown in Figure 3, the units in the network are arranged in layers including
an input layer, several hidden layers and an output layer.

The layers are organized in sequential order that follows the data flow
from the input layer to the hidden layers and ends at the output layer. In this
process known as forward propagation of the network, each unit in a layer
receives data from the previous layer’s units and the output units ensure the final
decision of the classification. Forward propagation refers to the transfer of data
from the input layer to the output layer, while the back propagation refers to the
spread of error derivatives from the output layers to the hidden layers. The back
propagation training algorithm as shown in Figure 4, which is designed to
minimize an error criterion of the feed forward network, is an iterative gradient
descend algorithm.

The MLP classifier in Weka is a classifier that uses back-propagation to
learn a multi-layer perceptron when classifying samples. This classifier is located
under the functions tab in Weka under the name MLP. In this study, the default
values are preferred when using MLP. For learning rate, the value of 0.3 was
used. For momentum rate, the value of 0.2 was used. For threshold, the value of
20 was used. With Weka, the user can find the classification accuracy by
measuring the success rate with cross-validation method. In this paper, 10-fold
cross validation method was used with MLP classifier.
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First Hidden
Hidden Layer
Layer

Fig. 3. An MLP network made of one input layer, two hidden layers and one output layer
(Aggarwal, 2014)

Fig. 4. An MLP network made of one input layer, two hidden layers and one output layer
with backpropagation (Aggarwal, 2014)
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2.4. Case study

All input data were obtained from the Seyhan Basin observed data for
analysis. The Seyhan Basin is one of the most important basins in the south of
Turkey in terms of social, economic, agricultural and numerous endemic species.
The Seyhan Basin’s area is approximately 20450 km? and covers of the 2.82% of
Turkey with regard to surface area (Topcu & Seckin 2016). Thus, it is thought
that the Seyhan Basin is an interesting basin for the hydrological studies (Fujihara
et al. 2008, Tuncok 2016, Cavus and Aksoy 2019). The location of the Seyhan
Basin can be seen in Figure 5. The average values for each FOS and Precipitation
Observation Station analyzed, observed data and the time periods are given in
Table 2.

Zamanti Sub-Basin P e 5

Goksu Sub-Basin

Seyhan Sub-Basin

Fig. 5. A map of the Seyhan Basin (The Ministry of Forestry & Water Affairs
(MFWA), 2016)
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Table 2. Parameters of FOS and POS (Electrical Work Surveying Administration
(EWSA), 2008)

Average Average
. Flow | Precipitation | Observed Pe-
FOS-POS Location Values | Values (mm) riods
(m’/s)

1801 Goksu River FOS | Kozan-Saimbeyli 30 - 1936-2005
. Adana and on

1818 Seyhan River FOS Uctepe Bridge 145 - 1966-2005

1821 Eglence Stream FOS | Adana-Karaisali 10.7 - 1971-2000

1822 Zamanti River FOS |, Borderol ) o, - 1970-2005
Adana-Kayseri

Catalan POS Adana-Karaisali - 819.54 1964-1987

Karaisali POS Adana-Karaisali - 910.57 1957-2000

3. Results and discussion
3.1. Artificial Neural Networks (ANN) results

Monthly average flow and precipitation data in the Seyhan Basin were
used as input data for the ANN methods. For both models, five data were pro-
vided as input data, and two intermediate layers were used (Figure 6). As a result,
one output value was determined. All data were scaled from 0./ to 0.9, and a log-
arithmic sigmoid transfer function was used. The output layer was a linear func-
tion. For this reason, the data was normalized without entering the network struc-
ture. Even though meteorological data were very high for the ANN, normaliza-
tion was easily performed. The algorithm required for calculation was created
and simulated in Matlab software. Seventy percent (70%) of these data were
available for training and the rest (30%) for testing. The MSE value was close to
zero (0) and R? was close to the value of /, indicating a good result was predicted.
The value of two neurons or the cell number was used in the hidden layer. The
output value was the value of /. Many trials were performed and only the five
models giving the best results are shown in Table 3.
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Neural Network

Layer Layer
Input Output
5 1
2 1
Algorithms
Training: Levenberg-Marquardt (trainim)

Performance: Mean Squared Error (mse)
Derivative: Default (defaultderiv)

Fig. 6. ANN structure

Table 3. FFBPNN and GRNN Results for Training and Testing

FFBPNN GRNN
Mlgdel Training Testing Training Testing
° R’ MSE | R* | MSE | R* | MSE | R* | MSE
1 0.898 | 20.222 | 0.945 | 5.625 | 0.967 | 6.658 | 0.799 | 23.602
2 0.977 | 5.208 |0.946 | 6.817 | 0.989 | 2.544 | 0.894 | 7.877
3 0.972 | 5.206 | 0.945| 6.818 | 0.988 | 2.550 | 0.892 | 7.892
4 0.977 | 5.209 |0.943 | 6.812 | 0.989 | 2.536 | 0.894 | 7.880
5 0.977 | 7.965 | 0.945 | 12.515 | 0.987 | 4.405 | 0.912 | 12.406

According to Table 3, the FFBPNN is the best model, giving the highest
R? and lowest MSE values. The structure of model numbers can be shown as five
input and one output data in the following:
e Model No-1: Pcatalan,, Pkaraisali;, Q1801,, Q1822;, Q18181--- Q1818
Model No-2: Pcatalan,, Pkaraisali;, Q1801;, Q1818;, Q1822+1--- Q1822;
Model No-3: Pcatalan,, Pkaraisali;, Q1818;, Q1822,, Q18011--- Q1801;
Model No-4: Pcatalan,, Pkaraisali;, Q1801, Q1822,, Q1818.;--- Q1818
Model No-5: Pcatalan,, Pkaraisali;, Q1801;, Q1818;, Q1822.;--- Q1822
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In Figure 7, for trial number-2 flow (m3/s)-time (month), the graphs were
created and compared to the calculated and observed data. In Figure 8 for the
same trial (no 2), the calculated flow data—observed data (m?/s) were drawn.

-

M .
WbutLsta

Fig. 7. Comparison between flows (m?®/s)-time (month)

When Figure 7 and 8 are examined in detail, the FFBPNN values were
quite good results according to the observed data. Although the GRNN calculated
a higher R? value than the FFBPNN in the training phase, FFBPNN calculated
the highest R? and least MSE values in test phase. The best result of the FFBPNN
model is the input data Pcatalan, Pkaraisali, Q1801, Q1818, Q1822,+; and the
output data is Q1822 (structure 5-2-1-1). Many studies can be seen higher
FFBPNN results than the GRNN (Gumus & Kavsut 2013, Tayyab et al. 2016).
However, it can be seen that GRNN and other artificial neural network methods
produce high values in network structure changes (Gumus et al. 2013, Turhan et
al. 2016a).
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Fig. 8. Comparison between calculated and observed flow data (m%/s)

3.2. Meteorological and hydrological drought analysis results

SRI drought analysis results for /801, 1818, 1821 and 1822 can be seen
in Figure 9. Drought analysis calculations were performed with the help of MS
Excel and missing data were completed by using the ANN methods.

3.3. MLP prediction results

The generated SRI data, 1818, data, 1818:.> data, 1818; monthly flow
data for /818 FOS were used to predict the class of the drought. To analyze
drought, Table 4 (McKee et al. 1993, World Meteorological Organization
(WMO) 2012), which is the SRI values table was used and data were normalized
using this table for SRI analysis. Since data mining classification algorithms aim
to increase the success of classification with fewer classes, SPI values in Table 4
consisting of 7 classes were used in this study.
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Fig. 9. Hydrological drought analysis results
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Table 4. SRI values for Data Mining methods

2.0+ extremely wet
1.5t0 1.99 very wet
1.0to 1.49 moderately wet
-.99 to .99 near normal
-1.0to -1.49 moderately dry
-1.5t0-1.99 severely dry
-2 and less extremely dry

This table was used to test and measure the success of the SRI value using
the data mining method. According to Table 4, SRI values were classified as
extremely wet, very wet, moderately wet, near normal, moderately dry, severely
dry, and extremely dry. To measure the validation of the system which used data
mining techniques, classification accuracy, F-Measure, Root Mean Squared Error
methods were used. All processes were done for 1801, 1821 and 1822 FOS, too.
Classification Accuracy shown in Equation 15 (Powers 2011) is the ratio of
number of correct predictions to the total number of input samples.

Number of Correct Predictions

Accuracy = (15)

F-Measure shown in Equation 16 (Powers 2011) is also called as F1
Score, F-Score, or F-Value. It is the weighted average or harmonic mean of
precision and recall. It ranges from the values of 0 to /. Precision means positive
predicted value, while recall means sensitivity.

Total Number of Input Samples

2*Precision*Recall
F — Measure = (16)

Precision+Recall

Root Mean Squared Error (RMSE) shown in Equation 17 (Kamble &
Deshmukh 2019) is evaluated as the root squared value of the total of differences
between the probability distribution output from the classification algorithm and
the vector of probabilities symbolizing the real class of all samples (Mehdiyev et
al. 2016). The RMSE is a quadratic scoring rule which sets the medium
magnitude of the error (Guo et al. 2015).

In RMSE formula, Y means summation, x; means predicted values, X;
means observed values, N means sample size.

RMSE = J%Zi’Ll(Xi — %2 (17)
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After the missing data was completed, the data set was analyzed with
MLP algorithm to predict the drought types using Table 4. For each flow
observation stations including /818, 1821, 1801 and 1822, all SRI values were
calculated for 3, 6 and 12 months. The classification accuracy, F-Measure and
the RMSE values of MLP algorithm is shown in Table 5 for each station and the
SRI values.

Table 5. MLP results for different SRI time series

SRI values MLP Results
FOS for 3, 6 and Performance Evaluation Criteria
12 months F-Measure Accuracy RMSE
SRI-3 0.883 89.25% 0.157
1818 SRI-6 0.656 73.66% 0.234
SRI-12 0.721 77.96% 0.218
SRI-3 0.829 84.95% 0.182
1821 SRI-6 0.672 75.00% 0.229
SRI-12 0.677 75.54% 0.224
SRI-3 0.789 83.87% 0.229
1801 SRI-6 0.737 80.91% 0.210
SRI-12 0.751 80.11% 0.199
SRI-3 0.834 88.71% 0.170
1822 SRI-6 0.542 64.52% 0.256
SRI-12 0.686 76.34% 0.222

According to this table, the success of MLP algorithm was greater than
65% for all stations and SRI values. But for 3-months SRI values, the success of
MLP was greater than 84%. It shows that using 3-months SRI values, the drought
type of the next period can be predicted with a higher success rate. It was
observed that the success rate of MLP in all stations was higher when using SRI-
3 month data. The estimation success of the 3-month data is followed by 12-
month data. The least success was the 6-month SRI data. According to these
results, MLP algorithm showed the highest success in drought estimation with 3-
month data (SRI-3) as 89.25% accuracy rate and 0.883 F-Measure value for the
1818 FOS. For 1821 FOS, the MLP algorithm showed the highest success in
drought estimation with 3-month data (SRI-3) as 84,95% accuracy rate and 0.829
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F-Measure value. For 1801 FOS, the MLP algorithm showed the highest success
in drought estimation with 3-month data as 83,87% accuracy rate and 0.789 F-
Measure value. For 1822 FOS, the MLP algorithm showed the highest success in
drought estimation with 3-month data as 88,71% accuracy rate and 0.834 F-
Measure value. This shows that by using data mining methods, it is possible to
estimate the drought type of the next period with a success of over 83% using
SRI-3 month data.

When compared with other studies in the literature, it was observed that
the results obtained within the scope of the study produced similar results with
Sattari's study (2011). In both studies, it was observed that the estimation ability
of the ANN model was weakened as the estimation time increased. When Terzi's
study (2012) was compared with this study, it was observed that similar results
were reached. In contrast to this study, although the MLR algorithm, which is a
regression based algorithm, is used in Terzi's study, according to the results ob-
tained, just like in this study, data mining methods can be used successfully in
monthly estimates in the field of hydrology. Also, as in the results of MLP, which
is a function-based algorithm obtained in this study, in Sattari's study (2017),
Support Vector Regression, which is a function-based algorithm produced higher
accuracy rate than tree-based M5 tree algorithm.

4. Conclusion

In this study, ANN methods such as Feed Forward Back Propagation
(FFBPNN) and Generalized Regression Neural Networks (GRNN) were used for
rainfall-runoff relationship modeling. An ANN algorithm was created using the
software program. It is seen that the FFBPNN method is the best model for the
ANN in terms of giving the highest R2 and lowest MSE values. Subsequently,
hydrological drought analysis was carried out using the SRI analysis. MLP
method, which is one of the data mining methods, was performed to predict the
drought type according to limit values. The generated monthly flow data, for
1818, 1801, 1821 and 1822 FOS were used to predict the class of drought using
the SRI tables. With these SRI values, data from the data set prepared within the
scope of the study were classified and the type of drought was tried to be analyzed
using MLP algorithm. MLP algorithm showed the highest success in drought es-
timation with 3-month data (SRI-3) as 89.25% accuracy rate and 0.883 F-Meas-
ure value for the 1818 FOS. The least success was the 6-month SRI data. Conse-
quently, it is foreseen that these techniques may be used easily in terms of mod-
eling of hydrological cycle elements for completion missing data or the other ba-
sin planning and management works.
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Abstract

Proper water resources planning and management is based on reliable hydrolog-
ical data. Missing rainfall and runoff observation data, in particular, can cause serious
risks in the planning of hydraulics structures. Hydrological modeling process is quitely
complex. Therefore, using alternative estimation techniques to forecast missing data is
reasonable. In this study, two data-driven techniques such as Artificial Neural Networks
(ANN) and Data Mining were investigated in terms of availability in hydrology works.
Feed Forward Back Propagation (FFBPNN) and Generalized Regression Neural Net-
works (GRNN) methods were performed on rainfall-runoff modeling for ANN. Besides,
Hydrological drought analysis were examined using data mining technique. The Seyhan
Basin was preferred to carry out these techniques. It is thought that the application of
different techniques in the same basin could make a great contribute to the present work.
Consequently, it is seen that FFBPNN is the best model for ANN in terms of giving the
highest R2 and lowest MSE values. Multilayer Perceptron (MLP) algorithm was used to
predict the drought type according to limit values. This system has been applied to show
the relationship between hydrological data and measure the prediction accuracy of the
drought analysis. According to the obtained data mining results, MLP algorithm gives the
best accuracy results as flow observation stations using SRI-3 month data.

Keywords:
artificial neural networks, drought analysis, data mining, Multilayer Perceptron,
Seyhan Basin
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